T he helix transform was introduced to the geophysical community by Claerbout (1998) as a means to perform multidimensional convolution via one-dimensional convolution operators. Th e helix algorithm proves to be very helpful for multidimensional deconvolution problems like those encountered in noise attenuation and seismic data regularization with prediction error fi lters (Naghizadeh and Sacchi, 2009) . Th e helix transform can be clearly explained using zero-padding and lexicographic ordering of multidimensional data cubes. Th e intention of this short presentation is to describe, in very simple terms, how one can perform multidimensional convolution via a 1D convolution algorithm.
Th eory
We commence with the two-dimensional (2D) case. We fi rst assume that we want to convolve M×N with Y K×L where the sub-indexes are used to indicate the size of the 2D signal. Th e 2D discrete convolution of M×N and Y K×L is the signal Z (M+K-1) × (N+L-1) obtained by the following expression:
(1) where 0 i < M + k-1 and 0 j < N + L 1. We now consider two new matrices (2) and introduce lexicographically ordered vectors X and Y created from the matrices X and Y , respectively. Th e vectors X and Y were truncated in a way that their last sample is the last sample of the original data X and Y, respectively. Th is means that the lengths of X and Y are given by
It is important to notice that we have adopted a column-wise lexicographic ordering. We stress, however, that one could have also used row-wise lexicographic ordering. Th e 1D convolution of X and Y yields the series Z . It is interesting to see that the length is (3) which, surprisingly, is equal to the size of the matrix Z. Th erefore, the last step is to reshape the vector Z into a (M + K-1) × (N+ L-1) size matrix to produce the output of the 2D convolution. Th e above strategy can be easily extended to higher dimensions. Figure 3 shows how one can reduce a 3D convolution to a 1D convolution. Th e cube X 2×2×3 shown by black cells (Figure 3a) , is to be convolved with the cube Y 3×3×3 , shown by white cells (Figure 3b Figure 3f we obtain a vector with length equal to 38 + 43 -1 = 80. Reshaping the resulting 1D convolution output into a 3D cube of size 4 × 4 × 5 gives the result one would have obtained via standard 3D convolution.
Graphical representations and example
To further improve the proposed algorithm, one can use sparse 1D convolution algorithms to speed up computation time (Claerbout, 1998) . For instance, in Figures 1e and 3e the signal contains an excessive amount of zeros (gray cells). Th erefore, a convolution sum that avoids multiplication and summation of zeros is desirable. Th e solution is to save the indices of the nonzero values in Figures 1e and 3e (black cells) and perform operations that only use these values.
T u t o r i a l

Figure 1. A scheme showing the 2D convolution of two matrices using 1D convolution. (a) -(b). Th e two signals we want to convolve. (c)-(d) Signals after zero-padding. (e)-(f ). Signals after lexicographic ordering and truncation. Th e 1D convolution of (e) and (f ) followed by reshaping is equivalent to the 2D convolution of (a) and (b).
T u t o r i a l
Linear prediction or autoregressive modeling for multidimensional data processing can also be implemented using onedimensional operators. In essence, linear prediction entails predicting an observation by linearly transforming the nearby observation via convolution. Th erefore, when working with multidimensional data, one can transform multidimensional linear prediction into 1D linear prediction as well (Claerbout and Fomel, 2009 ).
We have not found important gains in computational effi ciency between N-D standard convolution versus using the algorithm described in the text. We have, however, found that writing codes for seismic data regularization with the described trick leads to algorithms that can easily handle regularization problems with any number of spatial dimensions (Naghizadeh and Sacchi, 2009 ).
Conclusions
Th is short article provides a simple explanation of how one can use 1D convolution to perform multidimensional convolution. Th e method is equivalent to using the helix coordinate system introduced to the geophysical community by Claerbout. We realize that many signal-processing practitioners might be aware of our simple exposition. We hope, however, that our exposition and example help to popularize an already known and very interesting algorithm.
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